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Abstract

In recent years, neural network deep learning algorithm has been widely used in the research of
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financial field. In order to help investors deeply understand the stock market and realize rational
investment, the Recursive Feature Elimination method is introduced on the basis of LSTM-TCN
model established by combining the advantages of Long-Term And Short-Term Memory Network
(LSTM) and Time-Series Convolution Neural Network (TCN), and the combination of feature vector
that can significantly reduce prediction error is obtained through repeated training as the input of
LSTM-TCN model; secondly, the LSTM network is used to extract the local time features of the data,
and then its output feature matrix is input into the TCN network to further mine the long-time
features, so as to form the LSTM-TCN joint model to predict the stock closing price, which can fully
mine the time series characteristics and obtain more information. The prediction results of Ping
An’s stock data show that the RMSE and MAPE of the LSTM-TCN joint model are 0.773 and 1.05%
respectively, which are lower than those of other traditional machine learning models, LSTM and
TCN models, indicating that the LSTM-TCN joint model has higher prediction accuracy in stock
price prediction.
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Figure 1. The structure diagram of TCN model
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Figure 2. The structure diagram of LSTM-TCN model
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Figure 3. The prediction results of TCN model
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Figure 4. The comparison of local prediction curves of models
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Table 2. The comparison of model prediction errors
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